This paper proposes a decomposition framework for quantifying contributions of the determinants of poverty to spatial differences or temporal changes in poverty. This framework is then applied to address the issue why poverty incidence is higher in inland than in coastal China. The empirical application requires household or individual income observations which, generally speaking, are not available. Thus, a datageneration method developed by Shorrocks and Wan is introduced to construct such observations from grouped income data. It is found that inland China is poorer than coastal China, mainly due to lower efficiency in resource utilization not to less endowment of resources. Also, trade became poverty-reducing in coastal China in the late 1990s but remained poverty-inducing in inland China. Policy implications are briefly discussed.
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Introduction
It is commonly observed that poverty varies across space. This variation occurs not only between nations, but also between regions within a country and between groups of localities within a region. In China, for example, poverty is more severe in the west than elsewhere, and in the countryside than in the urban areas. If allowed to persist over a long time, the spatial difference in poverty can threaten social and political stability and economic growth, especially when it coincides with ethnic or religious divisions. To design and prioritize anti-poverty policy options, it is important to pin down the causes of such differences.
One approach that may be adopted for the above purpose is the decomposition popularized by Datt and Ravallion (1992) and extended by Zhang and Wan (2006) . The decomposition breaks down poverty difference across space or over time into two components that are respectively associated with income growth and distributional changes. Thus, the results of Datt-Ravallion decomposition tell which, income growth or distributional changes, is more important in explaining poverty difference. However, income growth and distributional changes are policy outcomes. While the decomposition results can help identify the desired outcomes, they offer little insights into how to achieve them. Essentially, this is because the Datt-Ravallion framework is based on the mathematical relationship between the chosen poverty index and the mean and Lorenz curve of the income distribution. It does not, therefore, enable linking poverty or its variations with fundamental economic variables such as education, location, or globalization. To gage the impacts of these variables on poverty appeals for a decomposition framework that incorporates the structural relationship between poverty and its determinants.
We propose such a decomposition method in Section 2 of this paper, which can be used to quantify absolute and relative or percentage contributions of various factors to poverty difference. Another contribution of the paper is the introduction of a semiparametric method for generating individual incomes from grouped data. This method is useful as household or individual level data are often not accessible for one reason or another, e.g., confidentiality. In the case of China, grouped income data are regularly published for most regions. To ungroup the data is not a difficult task, but achieving a good approximation to the underlying distributions does present some challenges (Shorrocks and Wan 2006) . The data-generation method and related issues are discussed in Section 3. This is followed by empirically decomposing poverty differences between coastal and inland areas in urban China. Finally, in Section 5, major findings are summarized with a view to informing the formulation of poverty reduction policy for China in general and for the lagging west in particular.
A poverty decomposition framework
At an appropriately aggregated level, poverty level is determined by a vector of determinants X. Let i and j index groups of localities (such as west and east China) and P denote a poverty index (such as the poverty gap or the head-count ratio), then we have
where s βs are vectors of parameters to be estimated, denoting the marginal impacts of X on P, and es are disturbance terms. The poverty difference between localities in group i and those in group j, denoted by ΔP, is given by
where variables with an overhead bar '-' indicate mean or average values, 1 e.g.,
Since it is always possible to write j i = −Δ β β β and j i = −Δ X X X equation (2) can be expressed as:
Alternatively, one can substitute i j = +Δ β β β and i j = +Δ X X X into (2) to obtain
Both (3) and (4) can be used to decompose ΔP. According to (3), the poverty difference is attributable to differences in the impacts of factor inputs given by i Δ X β and differences in factor endowments given by i Δ β X plus an interactive term Δ Δ β X . On the other hand, by (4) the same poverty difference can be decomposed into components associated with differences in the impacts of factor inputs given by j Δ X β and differences in factor endowments given by j Δ β X plus the same interactive term Δ Δ β X .
Although the total poverty differences in (3) and (4) are identical, the decomposition components obtained usually differ depending on which expression, (3) or (4), is used. This is caused by the adoption of different reference points: group i is taken as the reference point in deriving (3) while group j is taken as the reference point in deriving (4). The problem of reference point is commonly encountered in the literatures on index numbers and on decomposition. The conventional practice is to arbitrarily choose one reference point.
To eliminate the arbitrariness in reference point selection, one possibility is to add (3) and (4) and take the average to arrive at 0.5 ( ) ( )
Since expressions (3) and (4) are equally justified or equally valid as mathematical expressions, the averaging procedure seems natural and reasonable. It is useful to note that the non-interpretable interactive term is no longer present in (5) and this represents 1 It is also possible to write
. We prefer to use (2), largely inspired by Oaxaca (1973) and Blinder (1973) who developed the well-known wage decomposition framework. The advantage of using (2) lies in the absence of the troublesome disturbance terms.
an additional advantage of the averaging procedure. Comparing expression (5) with expressions (3) and (4), it is easy to see that the decomposition in (5) is symmetric regarding the reference point, ensuring the same and identical decomposition results irrespective of the reference point one decides to adopt.
The derivation of expression (5) may appear to be mundane arithmetic. Indeed, many decomposition methods in economics are outcomes of mathematical convenience to varying degrees. A case in point is the well-celebrated Solow's growth accounting where a change in total output is decomposed into factor contributions and a residual term called total factor productivity or TFP. In the income distribution literature, such examples include the classical decomposition of Theil-L inequality measure into withinand between-group components (Shorrocks and Wan 2005) and the decomposition of poverty indices by population subgroups (Foster and Shorrocks 1991) . In all these examples, the variable (Y) whose change is to be decomposed can be express as the function of a number of other variables (X) as in ( , ) Y f = X β , where β is the vector of the parameters of the function f(·). It just so happens that the particular functional form f(·) chosen by the researcher permits ΔY to be written as a linear additive function of ΔX and/or Δβ . In other words, these decompositions are not derivable from any economic (usually optimizing) framework. And, their decomposability depends on the functional form f(·). This is, however, not the case with the decomposition in (5). As it turns out, equation (5) is the unique result that obtains if one uses cooperative game theory to allocate ΔP into various sources. For technical details, see Shorrocks (1999) , and Shapley (1953) .
Equation (5) is our final formula for decomposing poverty difference between two subgroups of a population. This decomposition separates total difference in poverty into two broad components: the overall endowment component given by 0.5( ) i j + Δ β β X and the overall impact component given by 0.5( ) i j + Δ X X β . In the absence of any difference in factor inputs (as represented by ΔX), the endowment component is nil and any poverty difference is entirely due to differing marginal impacts of X on P in different locations. Similarly, in the absence of any difference in the marginal impacts of X on P (as represented by Δβ), the impact component vanishes and any poverty difference is entirely attributable to gaps in endowments across locations. Of course, one can divide these components by ΔP so that the respective contributions become percentages, which are unit-free and comparable across different studies. It is easy to show that the overall endowment contribution can be broken down further into finer components associated with individual factors. By analogy, the impact component can be decomposed into finer components attributable to each marginal impact. In addition, one can add up the finer endowment and finer impact components that are associated with the same factor k and name the sum as the contribution of factor k.
Although we have characterized ΔP as the poverty difference between two locations, the decomposition framework of (5) can be readily applied to decomposing changes of poverty over time or poverty differences between population subgroups. For example, one can estimate (1) and (2) respectively for males (or male-headed households) and females (or female-headed households) and attribute the poverty difference between these two groups to relevant socioeconomic factors such as education, health, employment conditions, location and so on. The same goes with such cases as migrant versus non-migrant workers or families, ethnic minorities versus majorities, state-owned enterprise employees versus private enterprise employees, and so on. Exercises of this type can help answer some interesting and important questions: is a disadvantaged group really resource-poor (the endowment component dominating) or in fact being discriminated against (the impact component dominating)? If the group is resource poor, what resources are binding and how important is each of the resource constraints?
It should be noted that the proposed decomposition framework does not impose any restrictions on what poverty measures can be used. Of course, different measures of poverty will give rise to different decomposition results. But this inconsistency would be due entirely to the different properties of poverty measures, not the proposed decomposition methodology. Further, the poverty regressions (1a) and (1b) need not be strictly linear and additive. Transformation of the dependent variable can be accommodated in ways similar to the use of logarithmic wage as the dependent variable in a typical Oaxaca-Blinder decomposition. Finally, independent variables can be subject to transformations too. For example, both a linear and a quadratic term of a variable can be included in (1a) and/or (1b), allowing the impact of the variable on poverty to be nonlinear. In this case, the contribution of x to poverty difference is associated with two terms instead of one: the difference in the mean of x or x and the difference in the mean of squared x or 
Data generation
To analyze poverty difference across regional belts in China, it is necessary to obtain a poverty index for each province. 2 This requires household or individual level data, which are generally unavailable when a wide coverage over an extended period is considered. There are two government data sources for income observations at the household level: the National Bureau of Statistics (NBS) and the Ministry of Agriculture. The former conducts nationwide household surveys in both urban and rural China, while the latter does the same but only for rural China. Neither of these agencies publishes or releases unit-records unless a formidable amount of fee is paid. Even if cost is not an issue, they only provide data for a fraction of provinces and for limited years. Further, the data set from the Ministry of Agriculture is notoriously contaminated and its quality is questionable even after a tremendous amount of effort has been made to clean up the data (see Wan et al. 2003) .
Fortunately, since the late 1980s NBS has published grouped income data for most regions and in most years. They are mainly in quantile form for urban China and in income class format for rural China. These data are based on nationwide household income surveys and are widely considered to be of acceptable quality. We choose to focus on urban China for two reasons. First, we are particularly interested in examining the impact of globalization on poverty and globalization is perceived to have affected urban households more than rural households in China. Second, data for urban China is more complete than for rural China. In fact, we are able to assemble quantile shares for 29 provinces for most of the years between 1988 and 2001.
The major obstacle lying between the quantile information and poverty estimates is how to convert quantile data to individual records. Alternative techniques exist for this kind of ungrouping exercise. Broadly speaking, they can be classified into three groups: nonparametric, parametric, and semi-parametric. A typical non-parametric method is kernel density estimation as applied in Sala-i-Martin (2002a,b) and Zhang and Wan (2005) . Chotikapanich et al. (2007) present an example of the parametric approach. The method adopted in this paper, proposed by Shorrocks and Wan (2006) , belongs to the third group.
The idea of data conversion is quite straightforward. Starting with assuming a particular statistical distribution of income, say lognormal, parameter estimates of the distribution can be obtained from the grouped data (Aitchison and Brown 1957) . With the parameter estimates, any number of observations can be generated. However, the assumed distribution may not be appropriate, which can lead to errors in the synthetic data with possibly large margins. Earlier attempts to evaluate proposed data generation procedures often rely on how well the calculated inequality measures from the true and converted data match. This evaluation is insufficient if the research objective relies on individual records, say for poverty measurement, not simply for estimating the area under the entire Lorenz curve for inequality measurement. While a particular data generation procedure may produce inequality estimates very close to the true values, the individual observations may not match so well. Shorrocks and Wan (2006) extend conventional approaches to converting quantiles to individual records. Relying on some120,000 income observations from the Current Population Survey (CPS) of the USA, they evaluate various statistical distributions for data ungrouping. An interesting finding is that while the Beta and Generalized Quadratic Lorenz functions used by Datt and Ravallion (1992) can produce good inequality estimates, they do not perform well as far as individual records matching are concerned. In fact, in a majority of cases, these Lorenz functions yield negative predicted incomes and sometimes the estimated Lorenz curves are not monotonic. According to Shorrocks and Wan (2006) , the three-parameter distributions of SinghMaddala and Generalized Beta are not as accurate as the simple lognormal distribution in terms of income share matching. The performance of the lognormal distribution is most remarkable in estimating Gini coefficients. It can produce Gini values with as little as 0.02 per cent of absolute errors. For China with a true Gini in the vicinity of 0.4, the technique of Shorrocks and Wan (2006) is expected to yield an estimate of Gini lying in the interval of (0.4003, 0.3997).
In this paper, individual incomes will be converted from quantile information for 29 regions over the period 1988-2001, based on Shorrocks and Wan (2006) . For each region/year, a total of 2000 observations will be generated and they are in the format of m non-overlapping groups, with group k
observations, where L(p) and p denote income and population shares, respectively. Let y ki (k = 1, …, m; i = 1, …, k m ) denote the value of the ith observation in class k. The sample mean of class k is given by μ k , and the corresponding true (reported) mean of class k by
Assuming a lognormal distribution, the standard deviation of log incomes, σ, can be estimated using:
where Φ is the standard normal distribution function (Aitchison and Brown 1957) .
After averaging across the m -1 estimates, the raw sample of 2000 observations is generated by the percentile points 0.025, 0.075, …, 99.975 from the fitted lognormal function. These observations, denoted by y, are then adjusted according to the following equations: These synthetic observations of y * constitute individual income observation for poverty measurement. Using these samples, we obtain poverty measures, to be discussed in Section 4.
Apart from the income observations, data for other independent variables are sourced from Comprehensive Statistical Data and Materials for 50 Years of New China and China Statistical Yearbook 2000 , 2001 , and 2002 . These variables include the ratio of trade volume to GDP (Trade), ratio of FDI stock to GDP (FDI), average years of schooling (Education), dependency ratio (Dependency), capital stock per capita (Capital), proportion of non-agricultural population in total population (Urbanization) and proportion of output by state-owned enterprises (SOEs) in total industrial output (Privatization). Among these, dependency ratio is calculated as (non-agricultural population-urban employment)/employment, and years of schooling are constructed as in Wan et al. (2007) .
Poverty decomposition: empirical application
Although any poverty index can be used, we choose to use the squared poverty gap or SPG of Foster et al. (1984) for poverty measurement. The other two commonly used poverty indices-head-count ratio and poverty gap-violate one or both of the monotonicity and transfer axioms. The SPG can be expressed as
where N is the size of population and z is the poverty line.
Until now, no official poverty line has been released for urban China. The PPP-adjusted US$1 and US$2 poverty lines of the World Bank seem too low for urban China although US$2 may be too high for rural China (Wan 2005 The Gini estimates all increased over time and do not markedly differ from region to region. The increases are hardly surprising, since rising income inequality has been extensively documented elsewhere. The small differences across regions owe much to the pre-reform egalitarian system which was particularly effective in urban China. The effect of such a system on inequality can be still felt today. Note that the largest Gini value is 28.20 per cent in Table 1 , which may appear small to some readers. If the ruralurban divide in China accounts for almost half of a Gini value around 0.4 (Sicular et al. 2007) , the Gini for urban China would be less than 0.40. This is because inequality across rural regions is always higher than regional inequality within urban China (Wan 2005) . The overall urban Gini can be broken down into a between-and a within-region component. Corresponding to the within-region component, the Gini estimates in Table 1 are quite reasonable. All these points help substantiate the reliability of our synthetic data. The estimated SPGs are then used to fit regression models for inland regions (Gansu, Qinghai, Shanxi, Inner Mongolia, Jilin, Heilongjiang, Anhui, Jiangxi, Hubei, Hunan, Henan, Guangxi, Sichuan, Guizhou, Yunnan, Shaanxi, Ningxia and Xinjiang) and coastal regions (Beijing, Tianjin, Hebei, Liaoning, Jiangsu, Zhejiang, Fujian, Guangdong, Hainan, Shandong and Shanghai) with the following specification:
Ln SPG = f (Gini, Trade, FDI, Education, Dependency, Capital, Urbanization, Privatization, time trend, region dummies).
The dependent variable is the logarithmic form of SPG. Because SPG is always nonnegative, assuming a lognormal distribution for SPG is preferable to assuming a normal distribution. In fitting the model for the two regional belts, we split the sample into two subperiods : 1988-92 and 1993-2001 . The year 1992 marks the famous tour of southern China by the late Deng Xiaoping. Deng's exhortation for stepping up economic reform during that tour unleashed a series of deregulations, which are believed to have caused significant structural changes in the Chinese economy.
With regard to the inclusion of independent variables, the poverty level at a given poverty line is completely determined by the mean income and the dispersion of income. To control for the dispersion, the Gini index is included as an independent variable. Variables that affect the mean income of a region include per capita capital stock, dependency ratio as a proxy for labor input, average years of schooling as a proxy for human capital, privatization as a proxy for reform/transition status, and province dummies to capture the effects of location and related socioeconomic, environmental or climatic conditions. A time trend is also considered to control for possible technology changes or other time-related effects. Globalization is incorporated by including trade and FDI variables. See the last paragraph in Section 3 for definitions of these variables. It might be argued that the above variables are not strictly exogenous to poverty. For instance, high incidence of poverty might adversely affect the acquisition of human capital. However, such reverse causality, even if significant, is unlikely to be instantaneous. Nonetheless, the education variable is lagged by one year when the models are estimated.
The estimation results are shown in Table 2 . Terms associated with region-dummy variables are not reported but are available upon request. These dummy variables are used to capture effects attached to locations such as geographical conditions, culture, local governance, ethnic composition, and so on. We will group all dummy variables and the constant terms and name them 'Other Factors', meaning all determinants other than those explicitly included in the regression function. Since it makes little sense to disentangle the impact and endowment contributions of the 'other factors', they will be lumped together when decomposition results are presented and discussed.
Referring to Table 2 , the estimated models seem satisfactory in terms of the signs of parameter estimates and p-values. Given the use of panel data, the goodness-of-fit seems acceptable. 3 Most parameters possess signs that are consistent with a priori expectations. In particular, inequality is found to be poverty-increasing and education is poverty-reducing. Interestingly, capital is a significant variable in explaining poverty in coastal China, but highly insignificant in the regression for the inland areas. Conversely, globalization as represented by trade and FDI exerts different effects in different areas and different time periods. It is important to point out that globalization can be a doubleedged sword when it comes to poverty reduction. Though generally regarded as growth-enhancing, globalization also brings along risks and changes that the poor may be ill-equipped to cope with. The results in Table 2 are simply yet another piece of evidence against generalization of the globalization-poverty nexus. The positive estimates for the urbanization variable in all equations reflect the fact that when farmers become urban inhabitants, which would register an increase in urbanization, they usually are low-income earners in the cities. Based on the estimated regression equations, it is fairly straightforward to decompose the poverty differences between the inland and coastal areas according to (5). The decomposition results are presented in Table 3 . Consistent with common knowledge, poverty is more severe in inland China as indicated by the negative signs of the total poverty differences in both time periods. The poverty difference became larger in the second period, implying that relative to coastal regions, the inland not only suffered from more severe poverty but also experienced slower progress in the fight against poverty. Another interesting result is that contributions of the 'other factors' are positive in both periods. Literally interpreted, it means that the gap of poverty severity between the inland and coastal areas would be even larger if these 'other factors' and their effects on poverty were equalized across regions. This is certainly not what policymakers would like to see or consider. Therefore, the contribution of the 'other factors' can be left aside in the following discussions. From the third last row of Table 3 , it is clear that greater poverty severity in the inland is largely due to differing marginal impacts of poverty determinants, not to differences in endowments. This finding is surprising because the lack of resources has long been conceived as the major cause of such spatial differences in poverty. To be more precise, the overall endowment component, only -0.029 in 1988-92 and -0.317 in 1993-2001 , is very small relative to the overall impact component of -3.352 in 1988-92 and -2.118 in 1993-2001 . Consequently, eliminating differences in resource endowment between the inland and the coast would only yield negligible impact on the coast-inland poverty difference. What is really important is to enhance the poverty-reducing impacts of various factors in the inland regions.
Among the variables included in the model, capital stock per capita is by far the most important factor in determining poverty severity. Although capital is poverty-reducing in both the inland and the coast (see Table 2 ), it is much more effective in coastal China. The difference in this effectiveness accounts for more than half of the total impact components in both periods. The second most important factor is inequality, with negative impact and endowment effects in both periods. Hence, although inequality is poverty-increasing in both areas (see Table 2 ), its negative endowment and impact components indicate that the average level of inequality and its marginal impact on poverty severity are both greater in the inland. Strictly speaking, the time trend variable should yield a nil endowment contribution if the panel data are balanced. This is the case for the second period, but not the first period. Numerical results associated with variables other than the time trend, capital and the first three variables of Table 3 can be interpreted analogously, but they appear less important as far as reducing poverty severity in the inland area relative to the coast is concerned.
What role did globalization play in this context? In the first period of 1988-1992, both trade and FDI helped to narrow the poverty difference. In the second period, FDI maintained its positive contributions. However, trade became a factor helping to enlarge the poverty-difference in the second period. This is because trade was anti-poor in the first period but became a poverty-reducing factor in the second period for the coastal regions (see Table 2 ). For the inland regions, however, trade remained a povertyincreasing variable in both periods. In fact, if one looks into finer components, many of them changed signs from the first period to the second period. Although beyond the scope of this paper, it would be interesting to explore the causes of these changes in sign.
Summary
Persistent differences in poverty across locations, quite common in reality, constitute a constant strain on social cohesion. Understanding the causes of such differences is the first step in tackling this spatial-imbalance problem. Even where the causes are known to lies in resource endowments, policy-making may still require some indications as to which resources are more important than the others. We believe that the poverty decomposition framework developed in this paper, which provides a way of quantifying the contributions of poverty determinants to poverty differences across space, will prove a useful tool in this regard. In fact, the applicability of the proposed framework is not limited to spatial poverty differences. It can also be used to analyze poverty variations over time or between population subgroups.
In order to estimate poverty indices from grouped income data, the procedure of Shorrocks and Wan (2006) is introduced for generating individual income records from quantile information. Researchers, particularly those working on poverty and inequality issues in developing countries, may find this procedure useful as they often face financial or other constraints in accessing unit-record data. As one only needs to assume a lognormal distribution, the procedure should be easy to implement in any statistical or econometric packages.
As an illustration, the data-generating procedure and the decomposition framework are applied to exploring why poverty is more severe in inland than in coastal China. It is found that not only do the impacts of trade and FDI on poverty not always agree, they also tend to vary across locations and over time. As dramatically increased trade and FDI inflows are the two most poignant aspects of China's integration into the world economy, these findings provide some insights into the much debated question of whether globalization brings poverty or prosperity. The first point to note is that globalization is a multi-faceted process. Evidence on any single aspect of globalization, be it trade, FDI or integrated financial markets, does not usually suffice for drawing conclusions about the causality between poverty and globalization. Doing so risks not seeing the wood for the trees, as the differing effects of trade and FDI in this paper show. The spatial and temporal variability of the effects of trade and FDI demonstrates the potential pitfalls of generalizing the experiences of specific places or periods. Globalization works along and interacts with other determinants of poverty. The various forces are more likely to be in flux in an open economy than in a closed economy. The challenge for policy-makers is, therefore, to keep close tabs on the circumstances on the ground and adapt their policies accordingly to ensure that globalization serves the poor.
It is also found that, depending on the time period considered, domestic capital or inequality was the most important contributor to the poverty difference. This suggests that while the central government should continue to support the poor western regions in accumulating capital, the main responsibility rests with individual regional governments. They must improve the effectiveness of capital input on poverty reduction and must divert some attention to the issue of inequality within each region, which has so far been largely neglected in China.
Finally, our results show that a variable may be statistically insignificant in explaining poverty yet still contribute substantially to total poverty difference. This finding calls for caution against dropping some insignificant variables from regression equations.
